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2 Paper Reading

2.1 Physics-Based Generative Adversarial Models for Image Restoration and
Beyond
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Figure 1: #1

2.2 Generative Adversarial Frontal View to Bird View Synthesis
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Figure 2: BridgeGAN

2.3 AlphaGAN: Generative adversarial networks for natural image matting
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Figure 3: AlphaGAN

24 META-LEARNING WITH LATENT EMBEDDING OPTIMIZATION
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Parameter Generation via Latent Embedding Optimization
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